Genetic analysis of gene expression in a segregating population, which is expression profiled and genotyped at DNA markers throughout the genome, can reveal regulatory networks of polymorphic genes. We propose an analysis strategy with several steps: (1) Genome-wide QTL analysis of all expression profiles to identify eQTL confidence regions, followed by fine-mapping of identified eQTL; (2) identification of regulatory candidate genes in each eQTL region; (3) correlation analysis of the expression profiles of the candidates in any eQTL region with the gene affected by the eQTL to reduce the number of candidates; (4) drawing directional links from retained regulatory candidate genes to genes affected by the eQTL and joining links to form networks, and (5) statistical validation and refinement of the inferred network structure. Here, we apply an initial implementation of this strategy to a segregating yeast population. In 65%, 7%, and 28% of the identified eQTL regions, a single candidate regulatory gene, no gene, or more than one gene were retained in step (3), respectively. Overall, 768 putative regulatory links were retained, 331 of which are the strongest candidate links, as they were retained in the expression correlation analysis and were located within or near an eQTL subregion identified by a multi-marker analysis separating multiple linked QTL. One or several biological processes were statistically significantly over-represented in independent network structures or in highly interconnected sub-networks. Most of the transcription factors found in the inferred network had a putative regulatory link to only one other gene or exhibited cis-regulation.
INTRODUCTION
The identification of individual genes and gene networks underlying complex traits is a fundamental aim of genetics. Quantitative trait locus (QTL) mapping is a method, which identifies genomic regions associated with a phenotype of interest (KORSTANJE and PAIGEN 2002) . Large-scale gene expression data acquired from microarray experiments (LOCKHART et al. 1996; SCHENA et al. 1995) provide information about regulatory relationships between genes. Most approaches to transcription network inference rely on expression profiling alone, and these microarray experiments are either based on external environmental perturbations (CAUSTON et al. 2001) or single gene perturbations in the otherwise same, homogeneous genetic background (IDEKER et al. 2001) . Recently, a strategy to infer genetic networks from multifactorial genetic perturbations was proposed and named "Genetical Genomics" (JANSEN and NAP 2001) . This method combines QTL mapping and expression profiling via joint analysis of genotype and expression data in a segregating population. The expression profile of each gene is treated as a quantitative trait (QT), which is potentially affected by multiple QTL (so-called expression QTL or eQTL).
QTL analysis of gene expression profiles identifies genomic regions, which are likely to contain at least one causal gene with regulatory effect on the gene, whose expression profile is affected by the eQTL. If the causal gene underlying a QTL affecting the expression profile of another gene was identified, then a directed link from the causal gene to the expression profiled gene could be established to indicate a regulatory relationship. By joining all identified links, genetic networks are constructed. This task is 3 difficult, however, because QTL regions are generally large (up to several cM), and hence each region may contain several to many putative causal genes. Functional validation of many candidate causal genes is not feasible, and hence computational methods are needed to reduce the number of candidate genes in each QTL region. This reduction can be achieved in two steps, first by reducing the lengths of the initial QTL regions by using existing fine-mapping techniques (e.g., multiple QTL mapping, linkage disequilibrium mapping, additional genotyping of loci and individuals in regions of interest), and secondly by applying correlation analysis, as proposed here, to the expression profiles of the candidate genes in an eQTL region and the gene affected by this eQTL. A substantial reduction in the number of causal genes will then allow us to propose a finite set of candidate genetic networks immediately, or to perform a small and feasible number of validation studies prior to network inference.
Our proposed correlation analysis of the expression profiles of the candidate genes in an eQTL region and the gene affected by the QTL rests on the assumption that genes belonging to the same pathway or network tend to have strong correlations between their expression values. This assumption has been used extensively in cluster analysis (EISEN et al. 1998 ) and construction of co-expression gene networks (STUART et al. 2003) .
Correlation analysis of all expression-profiled genes in a microarray experiment (e.g., (STUART et al. 2003) ), without QTL analysis, may produce many spurious associations, or may miss many associations under strict control of type I error or false discovery rates.
However, after QTL analysis has identified eQTL regions for the expression profiles, significant expression correlation of candidate gene(s) in a QTL region with the gene 4 affected by the QTL should tend to indicate real functional relationships. We note that correlation among gene expression profiles does not reflect all of the functional relationships among genes. A genetic variant in the protein coding region of a gene may not affect this gene's expression, but the variant may change the expression levels of other genes. Like with other current approaches, we can only partially reconstruct a regulatory network.
We applied our approach to data from a Yeast study (BREM et al. 2002) , which is the first, large-scale experiment on genetic dissection of genome-wide expression profiling.
The authors performed QTL mapping by nonparametric marker analysis of expression profiles in 40 haplotypes from a cross between a laboratory and a wild strain of Yeast.
The expression profiles of 570 genes were found to be affected by at least one significant QTL (the authors retained only the single, most significant eQTL for each profile). For thirty-two percent of the 570 genes with an identified eQTL region, their own genome location was within the QTL region, indicating cis-regulation. Moreover, eight transacting loci were found to affect the expression of groups of genes with 7 to 94 members representing genes of related function (BREM et al. 2002) .
This experiment (BREM et al. 2002) was very successful in identifying QTL regions for gene expression profiles; however, the authors did not attempt to reconstruct genetic networks via identification of candidate causal genes within QTL regions. An extended study of the Yeast experiment identified two genes responsible for the trans-acting loci via positional cloning and functional analysis (YVERT et al. 2003) . Here, we reanalyzed the data from the first Yeast study (BREM et al. 2002) . We performed QTL mapping, but 5 in contrast with the previous analysis (BREM et al. 2002) we allowed for multiple QTL affecting the expression profile of a single gene. We computed confidence intervals for the identified eQTL, determined a set of genes physically located within each eQTL confidence region using the sequenced Yeast genome map, and reduced the number of candidate causal genes in each eQTL region by correlation analysis of expression.
Directional links were established from the remaining candidate causal gene(s) in each eQTL region to the gene affected by the QTL, and these links were joined for gene network inference.
METHODS

Single Marker Analysis of Gene Expression Profiles
We used the gene expression and genotype data from the 40 Saccharomyces cerevisiae haplotypes (BREM et al. 2002) . The data set contains 6215 gene expression values and genotypes at 3312 markers for each haplotype. In the previous analysis of this data set (BREM et al. 2002) Storey and Tibshirani (STOREY and TIBSHIRANI 2003) , and the highest q-value in the set of q-values corresponding to all tests with p-value below the 5×10 -5 threshold was our estimate of the maximum, long run false discovery rate (FDR). However, the q-value method relies on an assumption of 'weak dependence', which is likely to be violated here, as we are testing not only many expression profiles, but also many genome positions. A related criterion, the proportion of false positives (PFP) (FERNANDO et al. 2004 ), does not depend on either the number of tests or the correlation structure among tests. To estimate the PFP, it is necessary to estimate the proportion of true null hypotheses, and several methods are currently available (see FERNANDO et al. 2004 ).
Here we use the estimate of the proportion of true null hypotheses that is obtained with the resampling method in the q-value algorithm. The estimate of PFP is calculated as
, where α is the comparison-wise type-I error rate, N is the total number of tests, π is the estimated proportion of true null hypotheses, and R(α) is total number of rejected null hypotheses at level α.
Identification of QTL Confidence Intervals and Lists of Candidate
Genes
A confidence interval (CI) was computed for each retained, significant eQTL via a bootstrap resampling method (VISSCHER et al. 1996) . Bootstrap samples were created by sampling, with replacement, the set of expression values together with the set of marker genotypes of any of the 40 haplotypes. Marker analysis was performed on each of 1,000 bootstrap data sets. For each chromosome with a significant QTL affecting a given expression profile in the original data set, the QTL position with the highest test statistic was retained for each of the 1,000 bootstrap samples. The 95% CI of the QTL position was then determined by taking the largest and smallest value of the bottom and top 2.5%, respectively, of the ordered 1,000 QTL positions.
This bootstrap procedure tends to be conservative and produce relatively large CIs, especially when the QTL effect is small (DUPUIS and SIEGMUND 1999) . Selective bootstrap resampling has been advocated to reduce the length of the confidence interval (LEBRETON et al. 1998 ). Because it is not clear what selection criterion should be used, we applied two selection strategies, which retained only those bootstrap samples, whose most highly significant QTL on a given chromosome achieved a p-value at or below 0.001 and 0.00005, respectively.
For each identified eQTL region, a list of genes physically located in the CI was formed using the Yeast physical genome map (GOFFEAU et al. 1996) . One or several of these genes may have causal, regulatory effects on the expression level of the gene affected by the QTL. Below we describe two strategies to reduce the number of causal candidate genes in the gene list of each eQTL.
Multi-Marker Analysis of Gene Expression Profiles
Unnecessarily large QTL confidence intervals can also result from the presence of multiple QTL in the same chromosome affecting the same expression profile. We therefore reanalyzed the identified eQTL regions with a simple method capable of resolving multiple linked QTL as described previously (THALLER and HOESCHELE 2000) .
We performed sliding three-marker regression, where a marker (i) is fit together with its In this study, for each QTL confidence region previously identified, we determined the pair of consecutive markers with the largest t-statistics associated with their partial regression coefficients. We also determined all pairs of consecutive markers with significant (at the .05 level) partial regression coefficients, and with pairs separated by non-significant markers, in each QTL region. We then determined which of the candidate causal genes in any QTL region were located within the sub-regions flanked by the significant marker pairs. If a candidate gene was found to be located in a sub-region, then this gene was identified as a strong causal candidate. Bonferroni adjusted as 0.05/(n-1), where n-1 is the number first-order partial correlation coefficients tested. If at least one of these correlations was significant, then the most significant gene was retained (say gene G2) and the process was continued by computing second order partial correlations conditional on G1 and G2, etc.. In this way, a single candidate regulatory gene (G1) was retained for each eQTL, or in some cases several causal candidate genes (G1, G2, …) were retained.
Identification of Candidate Genes via Expression Correlation Tests
Construction of the Network
For any eQTL confidence interval, where the list of candidate genes was reduced to one or few members as described above, a directional link was drawn from each of these retained candidate genes to the gene whose expression profile was affected by the QTL.
The genetic network was constructed by combining all links. The network structure was displayed using the network drawing software Cytoscape (SHANNON et al. 2003) , where a node represents a gene, and a directional arrow represents a putative regulatory 10 relationship. Positive Spearman correlation values were plotted in red and negative correlations in blue. If the candidate gene was located within a 1kb region of a subinterval (identified by sliding three-marker regression as described), the link was plotted darker than those links where the candidate gene did not co-localize with a sub-interval.
Selected Yeast Gene Ontology (GO) (ASHBURNER et al. 2000) terms were color plotted on the nodes. The GO biological process terms were mostly manually picked with the help of "GO term finder" (http://genome-www4.stanford.edu/cgibin/SGD/GO/goTermFinder), with the aim of finding common GO terms within a subnetworks and different GO terms across sub-networks. Some genes were involved in more than one selected GO term. In that case, a randomly selected GO term was color plotted. Genes with unknown biological process term were plotted gray. Gene transcription factors (as defined in Yeast Gene Ontology) were identified in the inferred network and plotted as squared nodes.
RESULTS
In addition to the previously identified detected 570 QTL (BREM et al. 2002) , an additional eleven QTL were detected at the p<5×10 -5 level using single marker analysis based on the Wilcoxon-Mann-Whitney test and by retaining the most significant QTL per chromosome rather than in the entire genome. Using the q-value algorithm of Storey and Tibshirani (STOREY and TIBSHIRANI 2003) , we obtained an estimate of the overall proportion of true null hypotheses among all 6215×3312 tests, which was equal to 0.92.
In the set of all tests with p<5×10 -5 , the largest q-value was 0.1171, which is the estimate of the maximum, long-run FDR. We then estimated the PFP (FERNANDO et al. However, we believe that further research is required that investigates this assumption and assesses, probably by using simulated data, the accuracy of various FDR and PFP estimates for the case, where the set of test statistics represents both genome-wide marker typing and expression profiling. Based on our current estimates of PFP and FDR, we expect that at most 68 out of the 581 detected QTL are false positive findings.
The genomic locations of DNA markers were plotted against the genome locations of those genes whose expression profiles they significantly affect (Fig. 1) . A diagonal (offdiagonal) point represents a DNA marker with a genome location very close to (different from) the location of a gene, whose expression profile is significantly affected by this marker. Hence, a diagonal point represents a putative cis-regulation, while an offdiagonal point is a putative trans-regulation. The dense distribution of diagonal points across the Yeast genome indicates a large proportion of cis-regulations. As indicated in the previous study (BREM et al. 2002) , groups of expression profiled genes shared common QTL regions. Within a group, the expression-profiled genes did not exhibit any significant co-location on the Yeast genome, which means that these genes with common QTL do not merely represent jointly regulated genes in the same chromosomal region. Gene regulatory networks were constructed by joining the directed links from the 768 retained candidate genes in QTL regions to the genes the affected by the corresponding 14 eQTLs. Several network motif structures similar to previously defined structures (LEE et al. 2002; MILO et al. 2002; SHEN-ORR et al. 2002) were found ( The multiple-input effects should be independent and complementary, because they were inferred from significant partial correlation. We note that many of genes in such motif are involved in lipid metabolisms.
The entire set of reconstructed networks included 721 genes and 768 interactions (Fig. 4) .
These structures ranged from simple self-regulation, pairwise regulation, and interactions among a few genes to highly connected networks. Our largest network was constructed by linking several densely connected sub-networks with a few connections. The biological processes involving genes in the highly interconnected sub-networks were obtained from the Gene Ontology database (ASHBURNER et al. 2000) (Supplementary Material II). Overall, one or several biological processes were statistically significantly over-represented in independent network structures or in highly interconnected subnetworks (Fig. 4, Table1) . Genes involved in "Protein Synthesis" (red nodes in Fig. 4) were found to be highly interconnected among themselves. Some of the genes involved in "Aerobic Respiration", "Transporter Activity", and "Oxidation of Organic Compounds" are embedded in the "Protein Synthesis" network. Other groups of genes involved in "Lipid Metabolism", "Development", and "Cytokinesis during Cell Separation" were also closely linked within each group and loosely connected to the "Protein Biosynthesis"
network. These findings show coordinated regulation of different biological processes.
Other processes over-represented in the network included "Amine Metabolism", and "Pyrimidine Biosynthesis".
Because the segregating population in this Genetical Genomics study was a cross between two strains of Yeast, the bioprocesses represented in the networks should be those pathways whose gene constituents carry different genetic variants resulting in 16 phenotypic differences between the two strains. Most of the processes represented in the inferred network are metabolism pathways, which should represent the main genetic difference between the two Yeast strains. The role of transcription factors was also investigated. Twenty-six transcription factors were found in the inferred network (green color nodes in Fig. 4) . They did not appear in the center of the interconnected network displayed in Fig. 4 . Instead, most of these transcription factors had a putative regulatory link to only one other gene or exhibited cis-regulation. This result is in agreement with the finding that transcription factors showed no enrichment in trans variations (YVERT et al. 2003 ).
In the previous study (BREM et al. 2002) , groups of genes were found to link to eight trans-acting loci. From the biological function descriptions, seven genes were proposed as the possible trans-acting regulators for six groups of expression profiled genes (BREM et al. 2002) . In our inferred set of networks, most of the profiled genes in the eight groups were included. Six out of the seven putative regulators (MATALPHA1, MATALPHA2, LEU2, AMN1, HAP1, URA3) were identified in the network to regulate the corresponding groups of genes.
DISCUSSION
In this investigation, we reanalyzed a segregating population resulting from a cross between two Yeast strains, with gene expression and DNA marker data recorded for all individuals and the entire Yeast genome. The goal of this study was to investigate an initial Genetical Genomics analysis for genetic network reconstruction. We believe that it is necessary to investigate genetical genomics experiments and computational analyses based on artificial data simulated under nonlinear kinetic models of gene regulatory networks with alternative network topologies (MENDES et al. 2003) . The results of this study (and of a repeat analysis of a larger Yeast data set to become available in the near future (JANSEN 2003)) should allow us to draw some inferences on the parameters of the identified network structure, which can then be incorporated in the simulation (e.g., the genomic distribution of genes within highly connected sub-networks, i.e. a quantification of whether genes within highly connected sub-networks are more likely to be co-located in the genome than genes in different (sub)-networks). Such an approach would allow us to investigate critical components of a Genetical Genomics experiment and analysis, such as (1) the sample size required for a segregating population so that an acceptable false discovery rate is achieved while sufficient power is maintained for the identification of causal links in the network, (2) the optimization of a QTL analysis producing confidence intervals of minimal length with desired coverage probabilities, incorporating multiple QTL with epistatic interactions, jointly analyzing multiple correlated expression profiles as well as phenotypes of interest for which the population segregates, and performing joint linkage and linkage disequilibrium mapping to reduce the size of confidence intervals in suitable segregating populations, and (3) the investigation of statistical methods for further validation and refinement of the inferred network structures.
In this study, simple and partial Spearman rank correlations between the expression profiles of the candidate genes in each eQTL region and the gene affected by the eQTL were used to determine a short list of candidate regulatory genes for each eQTL interval. Trans-acting variants can also be investigated by first clustering gene expression profiles and subsequently mapping eQTL for clusters of genes (Yvert et al. 2003 ). This approach is useful for finding common eQTL regions for clusters of genes, in particular for genes with common function, but it may miss specific eQTLs for individual genes.
Alternatively, a cluster of genes can be analyzed as a set of correlated traits via multipletrait QTL mapping. This analysis would identify eQTL regions affecting the cluster of genes as well as eQTL regions influencing individual genes. For the former, tests of pleiotropy versus close linkage could be performed. Another study on genetic dissection of gene expression in mice indicates that gene expression can be used to identify distinct disease subtypes, and that these subtypes are under the control of different loci (SCHADT et al. 2003) . Further developments should incorporate metabolomics and proteomics data.
Genetic epistasis of gene expression can also be considered with large sample sizes.
APPENDICIES
For simple and partial Spearman correlations, and for significance tests on correlations, see for example Sokal and Rohlf (SOKAL and ROHLF 1995) and Shipley (SHIPLEY 2000) . 
Appendix
Fig. 2. Number of genes retained in each eQTL region based on correlation analysis
The number of genes retained in each eQTL confidence interval from expression correlation analysis ranged from 0 to 6. In 65% of the eQTL regions, a single gene was retained. In another 7% of the regions, no gene was retained due to lack of significant expression (partial) correlation tests. In the remaining regions, more than one gene was retained. b Biological processes were based on terms from Gene Ontology.
c The number of genes involved in the biological process within the inferred group divided by the total number of genes in the group.
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d The total number of genes annotated in the biological process divided by the total number of annotated genes in the genome.
e The p value was computed as the probability of obtaining the observed or a larger number of genes in the group by chance under the hypergeometric distribution.
